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Lung nodule detection in CT using 3D convolutional neural networks
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Residual and plain convolutional neural networks for 3D brain MRI
classification
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PointNet: A 3D Convolutional Neural Network for real-time object class recognition
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Fig. 2: PointNet Convolutional Neural Network architecture.

VoxNet: A 3D Convolutional Neural Network for real-time object recognition
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SurvivalNet: Predicting patient survival from diffusion weighted magnetic
resonance images using cascaded fully convolutional and 3D Convolutional
Neural Networks
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Fig. 4 The SurvivalNet is a 3D CNN that consists of two
blocks of 3D convolution followed by 3D maxpooling and
finally two fully connected layers.



